It is often found that the value of travel time (VTT) is higher for car drivers than for public transport passengers. As there is no theory to support this finding this paper examines a possible explanation. The difference could be due to a selection effect. The result is an inability to measure the effect of a mode difference, e.g., comfort, between transport modes. We specify a model that captures the mode difference through a mode dummy and use econometric techniques that allow treatment of the mode dummy as the result of individual choice and hence endogenous. Using first a standard logit model we find a large and significant difference between the VTT for bus and car. When we allow for endogeneity, the mode parameter becomes smaller and just significant, meaning that the problem has been reduced. The difference in the sample mean VTT between modes is no longer significant.
Introduction
We are often concerned with the estimation of the value of travel time (VTT) as it plays an important role in demand models and appraisal. It is essential to recognise that the VTT is heterogeneous in the population. Some variation in the VTT may be explained by observed variables such as income and mode. In the stylised case of car versus bus, we would expect the mode effect to cause the VTT to be higher in bus, since riding a bus is mostly less comfortable than driving a car. On the other hand, we expect individuals with a high VTT, perhaps explainable by higher income, to be more likely to choose car. For this reason we may observe a higher VTT among car drivers than among bus passengers.
As mentioned by Wardman (2004) it is difficult to separate such mode and user-type effects. In many empirical studies the combined impact of the two effects is that individuals in car are seen to have higher VTT than for example in bus. This may be an adequate representation of the actual VTT in car and bus, but for many purposes this state of affairs is not satisfactory. For example, a traffic model that includes a higher VTT in car than in bus would predict a shift in the mode share towards bus if travel times were increased equally in the two modes. Such a result clearly does not make sense.
The typical way to address this issue is to specify separate models for each mode. These models are by their nature good at capturing heterogeneity within a specific mode. But they suffer a fundamental problem since they are estimated conditional on mode. This makes them good at assessment of specific projects where the mode-specific population may be reasonably assumed to represent the population of interest. On the other hand strong assumptions are necessary to apply mode-specific models to a population of mixed travellers where a improvement of the transport system may motivate some travellers to change modes.
Many applications have shown a gap between the VTT in car and the VTT in public transport. Discussions of how self selection may explain the differences found in VTT among modes are found in Mabit & Fosgerau (2006) and Fosgerau et al. (2007) . In Mabit & Fosgerau (2006) they use a Heckman-type selection approach to model self-selection into modes. In Fosgerau et al. (2007) , VTT is estimated both in a reference mode and an alternative mode to investigate whether differences among modes may be explained by strategic choices or selfselection. Their results favour the self-selection explanation. This is the motivation behind the model presented in this paper. We present a model for the VTT in a population where a mode dummy are included to separate user effects from mode effects. In our estimation we then allow for the possible endogeneity of the mode dummy. Endogeneity means that the mode dummy may be correlated with the errors in the model, since the errors reflect unobserved characteristics of travellers which may also affect mode choice. Such correlation violates the assumptions underlying the standard estimation procedures and may cause bias.
Our approach for the estimation of models with endogenous explanatory variables is taken from Lewbel (2004) . The principle is to transform the discrete choice into a linear model using a special regressor and then utilise methods dealing with endogenous variables in linear models. Our model is simple, e.g., it does not take the panel dimension of data into account. This is the price we have to pay with the present econometric state of the art for being able to take endogeneity into account. Future research may be able to address the shortcomings of the methodology that we apply. We believe it is of interest to start working in the direction of being better able to deal with possible endogeneity. The remainder of the paper is organised as follows. In section 2 we present our model for VTT together with an approach from Lewbel (2004) for the estimation of models with endogenous explanatory variables. Section 3.1 presents the data and section 3.2 discusses the model specification. Section 3.3 presents the estimation results. The final section 4 contains some concluding remarks.
Model formulation

VTT model
To model VTT we use the framework of discrete choice models based on random utility maximisation, see Train (2003) . Here we restrict ourselves to binary choices. Suppose that individual n faces a choice between two alternatives and that each alternative has just two attributes: cost and time. We assume that the fast alternative is chosen if and only if
where V T T n is the unknown VTT of individual n while ∆C n and ∆T n refer to the difference in the cost attributes and time attributes between the two alternatives. If we assume positive VTT, we may use a log transformation, and add a random error representing measurement and specification errors. The equation above then becomes
where ε n is a random error term. This approach to model VTT is described in more detail in Fosgerau (2007) . To make the model empirically tractable we assume a linear parameterisation of ln(V T T ). As discussed by Wardman (2004) we may split heterogeneity in VTT into mode and user-type effects. Here we include mode effects through a mode dummy while the remaining variables describe the individual and the choice context, i.e.,
where y n is the mode dummy. The final model describing whether an individual chooses the fast alternative, D n = 1, becomes
where I() is an indicator function equal to one if the expression in parenthesis is true and zero if it is false. Our interest lies in the estimation of γ.
Estimation
Suppose first that we are willing to make the standard strong assumption behind the logit model. That is we assume the model in equation 4 together with an assumption that ε is independent of x and identically logistically distributed. The model may then be estimated using maximum likelihood estimation.
Included in the logit model is the standard but strong assumption that x is exogenous. To allow for the possibility that y and ε are dependent we use an estimation procedure presented in Lewbel (2004) . Suppose the model D = I(β x 1 + γ y + v + ε > 0) where v and x 1 are exogenous variables, y is an endogenous variable, and that we have instruments z 1 for y, i.e., additional variables that are correlated with y but not with ε.
1 Let s = (y , x 1 , z 1 ) denote all variables except v and x = (y , x 1 ). Define v to be a very exogenous regressor (VER) if
for some function g, g is differentiable, strictly monotonically increasing in its first element, ν ⊥ s, ε, and ν is continuously distributed.
supp(−[β x + ε]) ⊂ supp(v|s).
The first condition tells us that v depends on s and an independent error. This error term ν is assumed independent of other explanatory variables s and ε. Lewbel notes that this is slightly stronger than ordinary exogeneity. The second condition tells us that the support of v is large. This is used to identify the β parameter. We will discuss both of these conditions later when we discuss our specific VER and the assumed distribution of ν. In Lewbel (2004) , the following theorem is proved using the notation z = (z 1 , x 1 ) to denote the exogenous variables.
Theorem I Suppose we have the model
, g is differentiable, strictly monotonically increasing in its first element, ν ⊥ s, ε, and ν is continuously distributed with density function f (ν). Define T and e by
Then E(ze)=0.
The theorem tells us that we may estimate the parameters β using two stage least squares regressing T on x using z as instruments. In this article we use the special case assuming that the VER is normally distributed conditional on the other exogenous variables, i.e., we apply the as-
2 ) with density function f (ν). Given this both of the conditions for a VER are fulfilled. As an example of a suitable v Lewbel mentions a bid determined by experimental design.
Neither of the procedures discussed above take random effects into account.
2
This could be a problem if data come as a panel with several choices for each individual. Our approach may seem simplistic in that we do not take any panel dimension into account. In this respect we have chosen to make one restriction to be able to relax another.
Data and Estimation
Data
The data are from the 2004 Danish VTT study known as DATIV, see Fosgerau et al. (2006) . Each individual made 8 stated preference (SP) choices in an unlabelled experiment referring to a current trip, i.e., car users only made car choices. Every choice was a binary choice where the alternatives were only described by travel time and cost. There was 1050 individuals of which 416 used bus and 634 car. This gave 3109 bus observations and 4867 car observations. Table 1 summarises the 0 − 1 dummies used as explanatory variables. The attributes are summarised in Table 2 together with the continuous variables.
Here v denotes −ln(−∆C/∆T ) where ∆T is the time attribute of the first alternative minus the time attribute of the second, and likewise ∆C is the cost difference. The alternatives have been arranged such that alternative 1 is the fastest. The bid v is chosen as our VER. The variable was generated within the design of the SP experiment. This makes it plausible that the independence assumption holds concerning the remaining variables and the error term in the model. Furthermore the experimental design allowed for a wide range of bids. We discuss this issue further in section 3.3 as part of the estimation.
The variable x age is the log of age, x dist is the log of the distance in kilometres between origin and destination. If distance was zero, x dist is set to zero. The variable x inc is the log of gross personal income.
3 The variable x jtime is the log of reported travel time. The variable x jcost is the log of reported travel cost. The last variable is x ∆T max . This is defined as x ∆T max = max(15 + ∆T, 0). This allows us to see how VTT varies for different time differences up to a difference of 15 min. 
Model specification
In the specification we have to decide which variables to use as x in equation 3. We use variables that describe cost and time as restrictions on these cause VTT to exist. In addition we use other design variables as they describe the choice context together with age and gender as the causal relation between VTT and these variables is clear. Based on preliminary testing we ended up with the specification below. Gender was excluded as it turned out to be insignificant. The testing considered both which variables to include and whether to use a linear or logarithmic parameterisation.
ln(V T T ) =
The remaining variables S(t) and S(c) indicate how the cost and time attributes in the SP choice relate to the reference values. We define S(t) as the sign of (T 1 + T 2 )/2 − jtime and likewise for S(c). A positive coefficient on either corresponds to loss aversion concerning that attribute. We may also use these two variables to divide the choice situation into one of four types depending on the reference situation: equivalent gain, equivalent loss, willingness to pay, and willingness to accept. These concepts are discussed in detail in De Borger & Fosgerau (2007) . They show that it is relevant to include these in the estimation of VTT since VTT differs significantly among the choice situations. In the specification of the VER approach we suspect that the mode dummy is endogenous. We retain the assumption that the other variables are exogenous. We then have to find suitable instruments for the mode dummy. These should affect the mode choice and at the same time they should be redundant in the VTT equation conditional on the other variables. An ideal instrument would be a variable having a large influence on selection of mode but being uncorrelated with VTT conditional on mode. As instruments we use x area12 , x cars , x carsin , x gender , x grp2 , x wage0 , and x logdis . Their explanatory power concerning mode choice is supported by visual inspection of tables 1 and 2. It was also supported by a binary logit estimation (not reported) of mode choice depending on the socioeconomic variables .
Model estimation
The estimation is performed by a program written in Ox, see Doornik (2001) . The results for the logit model are given in Table 3 . The estimates are found using maximum likelihood estimation while the confidence limits are found by bootstrapping 5 , i.e., the model is estimated 400 times. The lower and upper bounds correspond to the boundaries on the 95% confidence interval for each coefficient. The estimation shows that all the parameters are significantly different from zero. The VTT decreases with age and increases with income which is reasonable. Furthermore the income parameter is a direct estimate of the income elasticity and 0.60 is a reasonable estimate. VTT decreases with journey time and increases with journey cost in contrast to some former studies. Many studies show increasing VTT with journey time which also has been supported theoretically in Jara-Diaz (1998). In our case we obtained a positive sign on the journey time parameter in preliminary estimations without journey cost. But as soon as journey cost was entered the Fosgerau (2007) . We have loss aversion concerning both time and cost with the aversion being largest for time. The time difference parameter shows a rising VTT with the time difference up to a difference of 15 min (when ∆T increases then x ∆T max decreases). The mode dummy parameter is the parameter of interest. If the logit model is correct we get a significant positive dummy. This dummy indicates that individuals who chose car on their reference trip have a higher VTT than those who chose bus, even when controlling for both socioeconomic characteristics and design variables. The final parameter is the scale on the logistic error. It is possible to estimate the scale as we restrict the coefficient on the bid v to unity. The scale is not significantly different from 1 but we keep it in the model to make the model more comparable to the VER approach.
Next we consider the estimation using the VER approach. The first step in the estimation procedure using the bid as a VER is to regress the bid v against all other variables. This is just a way to obtain a linear projection of v on the other variables and the regression coefficients have no interpretation. The only concern is whether the normality assumption is appropriate. In our case we regressed v against the other variables and investigated the normality assumption using a QQ plot. This check did not indicate problems with the normality assumption.
The estimation results are shown in Table 4 . The upper and lower bounds refer to the 95% confidence interval found by bootstrapping. The parameters for age, journey time, journey cost, and income are significant and similar to the logit estimates. Concerning the design related variables, the parameter for S(t) is now insignificant, i.e., loss aversion has become insignificant for time. The car dummy becomes smaller but it is still positive and significant. But the estimate of 0.41 is clearly outside the 95% confidence interval of the logit estimates which has a lower bound of 0.47. This indicates a possible endogeneity problem in the 25.4 ( 9.3-44.9) mode dummy as the logit estimate is biased. Finally is has to be noted that this procedure does not estimate a scale coefficient. Therefore there is one coefficient less in Table 4 . Table 5 shows the mean VTT for both the logit estimates and the VER estimates. Confidence intervals are obtained through bootstrapping. The logit estimates indicate that the VTT in bus is only about 60 percent of the VTT in car. The mean VTT's are quite precisely estimated and the confidence intervals do not overlap. Even though we had a significant mode dummy we see that the mode-specific VTT's are no longer significantly different using the VER approach. The values are fairly small but if they are compared to values based on mixed logit estimates it should be noted that the present values corresponds to medians which are in general smaller.
Summary and conclusions
We have formulated a model where the chosen mode affects the VTT through a dummy. The model is estimated both as an ordinary logit model assuming that the mode dummy is exogenous and using a VER approach to account for the likely endogeneity of the mode dummy.
Results indicate that parameter estimates change significantly. The mode dummy estimate using the VER approach is 0.41. This falls outside the confidence interval between 0.47 and 0.72 from the logit estimation. This is an indication that the independence assumption of the logit estimation fails and that there is in fact some dependence between the mode dummy and the error term.
With logit estimates, the mode dummy is large and very significant. Using the VER approach, the mode dummy decreases, but it is still positive and (just) significant. So it would seem we were able to reduce the problem but that we did not succeed in accounting for all user-type effects. In the end, this is a question of having the right instruments. We seek variables that have a strong influence on mode choice, but which do not have a direct causal effect on the VTT.
An interesting and relevant extension would be to investigate whether the VER could be developed for the mixed logit model and whether it could account for panel data.
Finally, we note that the VER approach does not assume a specific distribution for the error term ε in (2), whereas the logit model does. A better comparison for the VER approach would therefore be a model that does not assume a specific distribution for the error term. Such a model may be estimated using, e.g., the Klein & Spady (1993) estimator. This is an issue we will take up in future versions of this paper.
